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Abstract

Ø We analyze how different rewards lead to reward hacking in T2I RL 
across diverse settings.

•          Aesthetic / Human preference: HPS2

•          Text-Image Alignment: GDino3, ORM4

•          Ensemble multiple rewards

Reward Hacking

q Different rewards induce their own visual biases, often improving 
reward scores at the expense of overall image quality.

Reward-driven Bias

RL is widely used to improve text-to-image generation, but imperfect 
reward models can lead to reward hacking, where images receive high 
reward scores despite poor visual quality1.

We systematically analyze reward hacking across aesthetic, 
preference, and prompt-alignment rewards, and find a common failure 
mode: artifact-prone image generation.

To address this issue , we propose ArtifactReward, a lightweight 
reward model trained on a small curated dataset to penalize visual 
artifacts and improves image quality.

q Measurement Framework

• We build a framework to observe and compare T2I reward 
hacking behaviors across multiple reward models.

q Reward → Behavior

• We show how different reward properties largely determine 
image generation model behaviors.

q A Common Failure Mode

• Across multiple reward settings, RL frequently produces 
structural artifacts rather than semantic improvements.

q Mechanism-Driven Mitigation

• We explore mitigation through artifact-aware reward 
augmentation.

Our code is available at: https://github.com/yq-hong/ArtifactReward

q Reward-specific improvement and cross-metric degradation.

• RL substantially improves the optimized reward metric but 
yields limited gains on other metrics, indicating narrow reward 
optimization rather than genuine improvement in image quality.

Main Contributions

q We propose ArtifactReward, a lightweight and adaptive reward to 
augment  existing reward and suppress reward hacking.

Our Solution: ArtifactReward

(a) HPS - Object (b) Aesthetic Score - Object (c) DeQA - Spatial (d) PickScore - Object

(e) GDino - Spatial (f) ORM - Color (g) VQAScore - Object (h) UnifiedReward - Object

(i) ArtifactR - Object (j) ArtifactR - Shape (k) ArtifactR - Spatial (l) ArtifactR - Texture

Figure 1. Evolution of metrics over training steps trained on Janus-Pro-1B [4]. Blue color denotes the model trained with HPS [42];
Orange color denotes the model trained with GDino [25]; Green color denotes the model trained with HPS and GDino; Red color
denotes the model trained with finetuned ORM [14].

visually striking colors, since HPS implicitly favors aes-
thetic appeal. However, over-emphasizing colorfulness
often leads to unrealistic and over-saturated images, sac-
rificing spatial grounding and object fidelity. Even when
combined with GDino, this issue persists, as training re-
mains biased toward HPS gains (Figure 1a and 1e), and
thus the images still look unrealistic and show satura-
tion. In contrast, GDino or ORM-trained models gen-
erate simpler scenes and object-centered compositions.
This behavior naturally reflects their design focusing on
object detectability and entity match. Thus, these mod-
els achieve stronger text-image grounding but reduced
diversity and realism.

Universal reward failure: structural artifacts.
While the above analysis highlights reward-specific bi-
ases and cross-metric degradation, we further identify a
more pervasive and universal reward failure pattern in
T2I RL: structural artifacts. Across the qualitative re-
sults in Table 1, generated images frequently exhibit ge-
ometric distortions (e.g., physically implausible or dis-

torted tennis rackets), object duplication or fragmenta-
tion (e.g., duplicated limbs or overlapping object out-
lines), and even blending between different entities (e.g.,
a human body merged with a bear head). Remarkably,
these structural failures arise consistently under every
reward configuration (HPS, GDino, ORM, and HPS +
GDino), revealing a shared systematic blind spot in
current reward designs. None of them reliably enforce
local structure or fine-grained object correctness. As a
result, the policy model can exploit this loophole by op-
timizing rewards without genuinely learning to produce
geometrically coherent images. This behavior illustrates
a deeper form of reward hacking, where models achieve
higher scores by bypassing true structural correctness.

Summary. Together, these findings reveal a clear and
pervasive reward hacking in T2I RL training. Each re-
ward guides the model toward narrow patterns that max-
imize its own metric while degrading other aspects of
performance. The model learns to exploit superficial
cues favored by the reward, such as over-saturated colors
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Training Reward: Blue: HPS Orange: GDino Red: ORM Green: HPS + GDino

Reward Type Optimization Tendency Side Effect

HPS Vibrant colors, dramatic 
lighting, rich backgrounds

Over-stylization, over-
saturation, weaker spatial 

fidelity

GDino / ORM Simple scenes, object-
centered compositions

Lower diversity, flatter and 
less realistic images

q Common failure mode identified across all settings: Generation of 
artifact-prone images.

• Geometric distortions (e.g., malformed objects)

• Duplication / fragmentation (e.g., extra heads, broken boundaries)

• Entity blending (e.g., merged objects or identities)

A Shared Blind Spot Across Rewards

Table 2. Accuracy of different reward models in assign-
ing higher scores to artifact-free images compared to artifact-
containing ones. Each image pair is scored as 1 if the reward
assigns a higher score to the artifact-free image, 0.5 if the
scores are tied, and 0 if the artifact-containing image receives
a higher score. The accuracy is averaged across all pairs.

Rewards Correct Tie Wrong Accuracy

HPS [42] 108 0 94 0.53
Aesthetic Score [30] 84 0 118 0.42
ImageReward [43] 133 7 62 0.68
MANIQA [45] 80 0 122 0.39
DeQA [46] 104 0 98 0.51
GDino [25] 46 143 13 0.58
ORM [14] 39 149 14 0.56
UnifiedReward [38] 86 92 24 0.65

ArtifactReward (Ours) 161 2 39 0.80

for HPS or object-centric simplifications for GDino and
ORM. Even joint-optimization with multiple rewards
(e.g., HPS + GDino) provides only partial mitigation,
as the underlying biases remain. More fundamentally,
current reward formulations lack a mechanism that dis-
courages artifact-driven shortcuts. Without constraints
enforcing structural plausibility or fine-grained correct-
ness, the model is free to achieve higher scores through
geometrically distorted and implausible generations.

4. Mitigating Reward Hacking via Artifact-
Aware Reward Design

To quantitatively verify the reward model reliability of
penalizing artifact generation, we curated a small diag-
nostic dataset annotated by human judgment. For each
prompt, we formed pairs of one artifact-free image and
one artifact-containing image, which allows a controlled
comparison of reward model behaviors. Representative
examples are provided in Table 3.

We then evaluate existing reward models on this cu-
rated dataset to assess whether they can correctly as-
sign higher scores to artifact-free images compared with
artifact-containing images. As summarized in Table 2,
none of the existing reward models consistently penal-
ize images with clear structural issues. In many cases,
they assign equal or even higher scores to flawed im-
ages. GDino, ORM and UnifiedReward, in particular,
frequently produce identical scores across pairs (“Tie”),
revealing a failure to detect fine-grained geometric in-
consistencies. This results expose a centural limitation
in current T2I reward designs: they lack sensitivity to
fine-grained local structural coherence and object plau-
sibility, allowing models to exploit reward loopholes and
generate visually implausible yet high-reward images.

Table 3. Examples of curated artifact diagnostic dataset. The
upper images show no artifacts, while the lower images con-
tain artifacts.

rubber sole shoes and a wooden chair a wooden table and a fabric hat

HPS: 0.3293 HPS: 0.2878
GDino: 0.4 GDino: 1.0
ORM: 1.0 ORM: 1.0
ArtifactR: 0.7549 ArtifactR: 0.9149

HPS: 0.3362 HPS: 0.2893
GDino: 0.4 GDino: 1.0
ORM: 1.0 ORM: 1.0
ArtifactR: 0.2689 ArtifactR: 0.3486

a photo of a bird above a scissors a photo of a handbag left of a toaster

HPS: 0.2795 HPS: 0.2272
GDino: 1.0 GDino: 0.9
ORM: 0.0 ORM: 0.6027
ArtifactR: 0.8355 ArtifactR: 0.7879

HPS: 0.2988 HPS: 0.2896
GDino: 1.0 GDino: 0.9
ORM: 0.0 ORM: 1.0
ArtifactR: 0.4844 ArtifactR: 0.4378

4.1. ArtifactReward: Complementary Reward
via Automatic Prompt Optimization

To address this limitation, we introduce ArtifactReward,
a complementary reward explicitly designed to penalize
unrealistic or artifact-containing generations.

Rather than relying on large-scale human annota-
tion, we leverage automatic prompt optimization (APO)
[9, 28, 33, 52] to construct a lightweight, data-efficient
proxy reward from limited labeled examples.

Specificly, we use Qwen2.5-VL-7B-Instruct [2] as
the backbone visual-language model. Details of the
APO procedure for constructing ArtifactReward are pro-
vided in Supplementary 6. At inference time, the model
is prompted with the optimized instruction and asked to
determine whether the input image contains any unre-
alistic artifacts. The model outputs probabilities for the
“yes” and “no” tokens. We define the ArtifactReward
score as the normalized probability assigned to “no”,
which corresponds to the estimated likelihood that the
image is artifact-free:

RArtifactReward =
1

1 + e[log(pyes)→log(pno)]
. (1)

Through APO, the instruction is iteratively refined
to maximize discrimination between artifact-free and
artifact-containing samples. The resulting ArtifactRe-
ward demonstrates strong ability to detect structural in-
consistencies and fine-grained artifacts (Table 2), out-
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“A photo of a 
cup above a 
tennis racket”

T2I Model 
(Policy)

Reward Model 
(Imperfect Proxy)

High Reward!

Reward Hacking

LLM 
Backbone

Learned Prompt
(Automatic Prompt Optimization5)

ArtifactReward
(Clean à High score, Artifact à Low score)

Clean Images (positive)Artifact Images (negative)

Table 1. Image Illustration. The first column is the prompt. The second and fourth columns are from models trained with existing
rewards. The third and fifth columns are from models trained with the help of our ArtifactReward. The label above each image is
the reward used in RL training.

HPS HPS + ArtifactR GDino GDino + ArtifactR

A photo of a
cup above a
tennis racket

HPS + GDino HPS + GDino + ArtifactR ORM ORM + ArtifactR

HPS HPS + ArtifactR GDino GDino + ArtifactR

A photo of a
person right
of a bear

HPS + GDino HPS + GDino + ArtifactR ORM ORM + ArtifactR

HPS HPS + ArtifactR GDino GDino + ArtifactR

A person is
looking at a
map and
planning a
hiking trail.

HPS + GDino HPS + GDino + ArtifactR ORM ORM + ArtifactR
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Consistent Improvements

q Adding our ArtifactReward consistently improves realism and 
reduced reward hacking across multiple T2I RL setups.

• Better Visual Realism (Fewer artifacts, more plausible images)

• Stronger Consistency (Higher alignment with prompts)

• Robust Across Benchmarks (Improved result on WISE and LLM4LLM)

(a) HPS (b) HPS + ArtifactR (c) GDino (d) GDino + ArtifactR

(e) HPS + GDino (f) HPS + GDino + ArtifactR (g) ORM (h) ORM + ArtifactR

Figure 11. Images generated with prompt “A teacher in a white blouse stands at the blackboard, her curly brown hair tied back in
a ponytail.” in LLM4LLM [37] benchmark under different training reward configurations trained on Janus-Pro-1B [4].

(a) HPS (b) HPS + ArtifactR (c) GDino (d) GDino + ArtifactR

(e) HPS + GDino (f) HPS + GDino + ArtifactR (g) ORM (h) ORM + ArtifactR

Figure 12. Images generated with prompt “a dog is smiling with happy emotion. He find a lot of delicious food.” in LLM4LLM [37]
benchmark under different training reward configurations trained on Janus-Pro-1B [4].
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A teacher in a white blouse stands at the blackboard, her curly brown hair tied back in a ponytail.
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